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Abstract
Gait analyses are typically concerned with comparing subjects’ waveform patterns for clinical or experimen-
tal reasons; two-mode data matrices (e.g., subjects × gait percents) are commonly analyzed by principal
component analysis (PCA). Typical gait data, however, are measured in more than two modes (e.g., subjects
× gait percents × joints). If PCA is used for such multi-mode gait data, the data need to be reorganized
into a two-mode matrix, by either taking average over one mode or picking one condition in one mode. The
resulting PCA solution will represent only the mean structure or a particular aspect relevant to the chosen
condition. Parafac and Parafac2 have been successfully applied to three- and four-mode gait waveform data.
Whereas previous Parafac2 analyses used experimental gait data, this study presents a successful applica-
tion to cranial cruciate ligament (CCL) deficient and healthy canine gait data that include incomparable
waveforms. Our study focuses on (a) investigating differences and interconnections between the contralat-
eral and ipsilateral limbs of the CCL-deficient dogs; (b) determining the interactions between joints and
how they vary over the gait cycle and by waveforms; and (c) providing clinical diagnostic tools using the
Parafac2 solution. An optimal Parafac2 solution was able to systematically distinguish CCL-deficient dogs
from healthy ones, uniquely characterize contralateral and ipsilateral limbs of the CCL-deficient dogs, and
understand how the CCL deficiency affects specific joints and influences specific waveforms during specific
phases of the gait cycle.
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Chapter 1
Introduction
Injuries and pathologies can alter the normal patterns of movement along the kinematic chains of the limbs
and, consequently, can change the patterns of covariation in segmental or joint motion. This study examines
how cranial cruciate ligament (CCL) deficiency in Labrador retrievers affects kinematic and kinetic patterns.
More specifically, we will characterize the interactions between joints and investigate how these interactions
differ between healthy and CCL-deficient dogs, as well as examine how the CCL deficiency affects the
movement patterns of the different waveforms across joints. In addition, we will investigate any systematic
differences and interconnections that may exist between the limbs of CCL-deficient dogs.
The analysis of movement patterns across multiple joints and waveforms of healthy and CCL-deficient
dogs is, by definition, a multivariate problem for which dimensional reduction techniques like principal
component analysis (PCA; Hotelling, 1933; Pearson, 1901) have proven useful (e.g., Bennett et al., 2010;
Sadeghi et al., 1997; Williams et al., 1999). However, when data systematically vary in more than two
modes, PCA is not necessarily the most appropriate tool for dimensional reduction. An example of three-
mode data is distinctive subjects’ angle displacements of multiple joints over the gait cycle. Using such
three-mode data, Helwig et al. (in press) showed that the Parafac model (Harshman, 1970) could be used
to parsimoniously explain how different lower limb joints interact and how these interactions vary over the
gait cycle and between subject groups.
Because different types of gait waveforms reveal different aspects of abnormal gait patterns, it is desirable
to analyze several different types of waveforms to better understand motion data. For such situations,
Helwig et al. (2011a) used the Parafac2 model, which makes it possible to analyze variation in four-mode
locomotion data (subjects × time points × joints × waveforms) and determine which waveforms and time
points best explain the individual and group differences at each joint. In this study, we apply the four-
mode Parafac2 model to motion capture data consisting of four waveforms (angular displacement, angular
velocity, joint moment, and joint power) at six distinct joints (hip, stifle, and hock for both hind limbs)
measured over the full gait cycle for healthy dogs and those with CCL deficiency (Ragetly et al., 2010). This
approach allows us to adequately investigate inter-joint interactions, interdependence of different waveforms,
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and systematic influences of the ligament deficiency.
Our Parafac2 results provide clinical implications for diagnostic purposes. The healthy and CCL-deficient
dogs showed systematically different patterns that appeared more distinguishable at certain phases of the
gait cycle. The CCL deficiency affected the muscular contractions around the joints and reduced the range
of motion and angular velocity of the hind limbs. In addition, our results reveal distinctive patterns between
the two hind limbs of the CCL-deficient dogs and provide insight into how and at what points during the
gait cycle the contralateral limb adjusts to compensate for the CCL-deficient limb. We discuss how these
results can provide information to further characterize the gait of CCL-deficient dogs.
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Chapter 2
Methods
2.1 Parafac2 model
Given a large number of interrelated variables, reducing them to a small number of components often requires
an exploratory tool with which one can explain the data variation in a scientifically meaningful and simple
manner. In contrast, hypothesis-driven models (e.g., General Linear Models) are subject to statistical as-
sumptions (e.g., identical, independent errors) which tend to be untenable with spatio-temporally correlated
gait data (Park et al., 2011). Parafac was shown to be useful for a meaningful explanation of multimode
gait data where measurements are fully comparable across levels of every mode (Helwig et al., in press). In
cases when data are incomparable across levels of one mode (e.g., different waveforms), Parafac2 is a proper
alternative to Parafac (Helwig et al., 2011a). The Parafac2 model (Harshman, 1972) is briefly described here
to the extent relevant to the present study and further details can be found elsewhere (Harshman & Lundy,
1984; Helwig et al., 2011a).
Suppose we wish to explain four-mode gait data of I subjects × J time points × K joints × L waveforms
using R components. Given the J time measurements nested in each waveform, the four-mode Parafac2
model is written for the (k, l)-th slice Xkl ≡ {xij(kl)}I×J as
Xkl = ACkDlB
′
l +Ekl, B
′
lBl = Φ, k = 1, . . . ,K, l = 1, . . . , L.
A ≡ {air}I×R and Bl ≡ {bjr}J×R contain component weights, respectively, for the I subjects and the J
time points specific to the l-th waveform. Ck ≡ {crr∗}R×R and Dl ≡ {drr∗}R×R are diagonal matrices
with component weights, respectively, for the k-th joint and the l-th waveform (corresponding rows in
C ≡ {ckr}K×R andDl ≡ {dlr}L×R), and Ekl ≡ {eij(kl)}I×J contains residuals. This Parafac2 representation
allows the time-mode weights (i.e., Bl) to be variable for the different waveforms (l = 1, . . . , L), so long as
the linear associations between components in the time mode (i.e., Φ) remain invariant for all waveforms.
Like the Parafac model, the least-squares solution of the Parafac2 model is unique under mild conditions
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(Harshman & Lundy, 1994).
2.2 Data
Gait data for 21 adult Labrador retrievers were analyzed. Nine of the 21 dogs suffered a rupture of their
cranial cruciate ligament (CCL) located in their stifle joint. Figure 1 shows clear differences in the raw gait
waveforms that Ragetly et al. (2010) discuss in detail. The CCL-deficiency is in the right limb of three dogs
and in the left limb of the other six. For the CCL-deficient dogs, we refer to the CCL-deficient limb as the
ipsilateral limb and the accompanying intact limb as the contralateral limb.
Data were collected in the Human Dynamics and Controls Laboratory at the University of Illinois at
Urbana-Champaign and include three joints (hock, stifle, and hip) of both hind limbs for healthy and
CCL-deficient dogs measured across four waveforms (angular displacement, angular velocity, joint moment,
and joint power). The angular displacement waveform provides information on flexion (negative values)
and extension (positive values) from the neutral stance angle of the joints, whereas the velocity waveform
provides information on the rate of change of these joint flexions and extensions. Because joint kinetic data
(moment and power) provided crucial information to Ragetly et al.’s (2010) results, they were used in our
analysis as well. The joint moment waveform measures the net torque of the joint where extensor joint
moments are positive and flexor joint moments are negative. The power waveform is an indication of the
power generated by the joint muscles where negative power represents eccentric muscular contractions and
positive power represents concentric muscular contractions. All gait cycles were linearly length-normalized
to 100-percent gait cycle for each waveform (see Helwig et al., 2011b). The data structure was 21 dogs
(Mode A) × 100 time points of the gait cycle (Mode B) × 6 joints (Mode C) × 4 waveforms (Mode D).
2.3 Parafac2 Analysis
To assess the effect of CCL rupture across the kinetic chain, all limb joints must be included in the anal-
ysis. Furthermore, different aspects of the gait cycle can be better realized through different waveforms
(Sadeghi et al., 1997) and these waveforms may be interrelated and interact with one another (e.g., Helwig et al.,
2011a). For instance, Ragetly et al. (2010) discuss the reversal of predominance of antagonistic muscle con-
tractions when the stifle joint goes from flexion to extension. In addition, differences between limbs were
seen by looking at several different waveforms and all three joints in their results. For instance, reduction in
net moment and power were observed in CCL-deficient dogs (Ragetly et al., 2010). Therefore, it is desirable
to include multiple joints and waveforms in one analysis to properly understand intertwined relationships
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and interconnections between multiple joints that are measured across multiple waveforms. As shown in
Figure 1, our waveforms of interest are not comparable; that is, their gait waveforms follow systematically
different patterns, and thus Parafac2 is the appropriate analytical model.
We followed similar analytic strategies as Helwig et al. (2011a). For its enhanced efficiency and accuracy,
we used the direct-fitting Parafac2 algorithm (Kiers et al., 1999) which guarantees at least a locally optimal
least-squares solution, and we applied 100 random starts to ensure that we interpreted globally optimal
solutions. Mode C (i.e., joints/limbs mode) was constrained to be orthogonal to prevent degenerate solu-
tions which, as a result, had the components not share accounted variance. The different waveforms were
normalized to equal variances so that the analysis was not dominated by any particular waveform.
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Chapter 3
Results
The model dimension was determined based on incremental fit per additional component and substantive
interpretability. We chose a four-component solution, with a variance-accounted-for (VAF) of 76.8%, which
we were able to associate components with specific joints and waveforms. Using this four-component solution,
we were able to (a) systematically distinguish CCL-deficient dogs from healthy ones, (b) uniquely characterize
contralateral limbs, and (c) understand how the CCL deficiency affects specific joints and influences specific
waveforms during specific phases of the gait cycle. Table 1 provides a summary of the joint and waveform
weights for each component. Figure 2 shows the waveform-weighted (BlDl) percent-gait weights of the four
components for each waveform.
Components 1 (35.9% VAF) and 3 (9.6% VAF) distinguishes most CCL-deficient dogs from healthy dogs
(Figure 3). Component 1 produced large weights for the hock (Table 1a) and the angular displacement and
velocity waveforms (Table 1b) with moderate weights for the stifle. Component 1 was negatively influential
(i.e., negative component weights) at mid-stance and mid-swing for the displacement waveform. For the
velocity waveform, it was negatively influential at early-stance and mid-swing and positively influential (i.e.,
positive component weights) at end of stance and swing (Figure 2a). Component 3 was largely influential on
the stifle (positively) and hock (negatively; Table 1a). Component 3 reflects variation in power (Table 1b),
which produced large (positive) weights at beginning of stance and moderate (negative) weights at the end
of stance and swing (Figure 2c). The mean weights of the healthy dogs were larger than the CCL-deficient
dogs for Components 1 and 3 (Table 2).
Component 2 (28.1% VAF) is best realized by the moment (large weights) and power (moderate weights)
waveforms (Table 1b), with positive influence during transition to stance and negative influence during
transition to swing (Figure 2b). The influence was large and positive in the hip, and moderate and negative
in the stifle (Table 1a). There was little difference in the mean subject-mode weights of healthy and CCL-
deficient dogs (Table 2). Component 4 (3.3% VAF) best explained variation in the moment and power
waveforms (Table 1b). Power was positively influenced at beginning of stance and both power and moment
were negatively influenced during transition from stance to swing (Figure 2d). Moderate-to-small weights
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were seen for the hock, moderate-to-high weights for the stifle, and large weights for the hip (Table 1a).
Interestingly, ipsilateral and contralateral limbs had opposing signs at each joint (Table 1a; Figure 4).
Further inspection revealed Component 4 influenced the CCL-deficient dogs (1.26 ± 0.90, subject-mode
weight; Table 2), but not the healthy dogs (0.07 ± 0.17). The estimated Φ matrix is given below. The
off-diagonal elements (i.e., the cross-products of B′lBl ) indicate the degree of linear association between the
four components along the gait cycle.
Φ =


1.00 −0.42 −0.15 −0.17
−0.42 1.00 0.19 0.39
−0.15 0.19 1.00 0.53
−0.17 0.39 0.53 1.00


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Chapter 4
Discussion
4.1 Interpretation of Components
Component 1 represents the displacement and velocity waveforms of the stifle and hock; it will be referred to
as the crural-angular component. The weights are less for CCL-deficient dogs (Table 2), suggesting decreased
hock/stifle flexion during mid-stance and mid-swing, lessened extensor velocities during late-stance and late-
swing, and lessened flexor velocities at early-stance and mid-swing of the CCL-deficient dogs (Figure 1 and
Figure 2).
Component 3 was strongly indicated by the power waveform for the hock and stifle; it will be referred
to as the crural-power component. The crural-power component was also useful in distinguishing CCL-
deficient and healthy dogs (Table 2). The hock and stifle showed opposing signs in their component weights,
suggesting these joints are mechanically linked in the opposite manner, and support previous observations
for hock-stifle interactions (Wentink 1977, 1978). The crural-power component is most influential in the
beginning of stance (Figure 2c) when the extensor muscles of the hock are eccentrically contracting and the
flexor muscles of the stifle are concentrically contracting. At the end of stance, the extensor muscles around
the hock and stifle are concentrically contracting and at the end of swing, the flexor muscles around the stifle
are eccentrically contracting. The crural-power component reveals there is a decrease in power generation
and absorption at these phases of the gait cycle for the CCL-deficient dogs.
It is important to note the differences in the crural-angular and crural-power components. The hock and
stifle behave similarly in the crural-angular component, but in opposition in the crural-power component.
These differences in joint behavior can be attributed to the nature of the waveforms. Both joints show
decreased angular flexion in CCL-deficient dogs, but this flexion is accomplished through different patterns
of power generation (or absorption). Furthermore, it appears from Figure 3 that some CCL-deficient dogs
may be detectable in only one of these two pathological aspects (i.e., components); thus, in combination,
the two components provide essential information about the CCL deficiency that alone is not obvious.
Component 2 best characterizes the canine thigh segment, influencing the hip positively and the stifle
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negatively, for joint moment and power; we refer to it as the thigh-MP component. The thigh-MP component
reveals the hip extensor muscles, during transition to stance, are concentrically contracting and the hip flexor
muscles, during transition to swing, are eccentrically contracting. In contrast, the stifle flexor muscles are
eccentrically contracting at transition to stance and the stifle extensor muscles are concentrically contracting
at transition to swing (Figure 2b).
The best characterization for Component 4 is the CCL-deficient-thigh component. This component had
no influence on the healthy dogs (Table 2); rather, it distinguished the CCL-deficient dogs’ ipsilateral limbs
from their contralateral limbs (Figure 4). This distinction is mostly seen in the hip and stifle (Table 1a) and
in the moment and power waveforms (Table 1b) during transition to swing and (for power only) beginning of
stance. The opposing signs for ipsilateral and contralateral limbs indicate this component acts on the limbs
in opposite manner (i.e., compensating each other) with respect to moment and power. Furthermore, this
opposing sign pattern exists between the hip and stifle of each limb, suggesting inter-joint compensation.
This pattern explains kinetic compensation in the asymmetric gait of CCL-deficient dogs.
The CCL-deficient-thigh component shows the net torque is reducing in the ipsilateral hip and stifle joints,
during transition to swing (as seen by multiplying corresponding weights given in Table 1a and Figure 2d).
The contralateral limb is behaving in an opposing manner, which compensates for the CCL-deficiency. The
CCL-deficient-thigh component reveals reduced extensor hip and flexor stifle muscle contractions in the
ipsilateral limb during early stance (again, seen by combining the corresponding weights from Table 1a and
Figure 2d). There is also reduced contraction of flexor-hip and extensor-stifle muscles during transition
to swing in the ipsilateral limb. The contralateral muscles compensate this, showing increased muscular
contractions during these periods.
In summary, the four component solution provided insight into the intricacies of the CCL-deficiency and
its effect on canine gait. We were able to characterize aspects of the healthy dog’s gait patterns (Components
1-3) and how the CCL-deficiency affects that gait pattern (Components 1 and 3). We were able to determine
which aspects of the canine gait are most affected by the CCL-deficiency and where in the gait cycle this is
most present (Components 1 and 3). We were able to determine how the contralateral limb is affected from
the CCL-deficiency and how it compensates for the deficiency (Component 4).
4.2 Concluding Remarks
With Parafac2, we achieved a holistic, yet parsimonious, description of the CCL-deficiency by decomposing
incomparable waveforms. This particular incomparability is not the only kind of problem in gait analysis
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that can be overcome with Parafac2. One such problem is temporal misalignment of gait waveforms. It
is typical to temporally normalize motion captured gait cycles to evenly spaced percent cycles, but in
some cases, the uniform time normalization is not sufficient and a more flexible temporal mapping (e.g.,
dynamic time warping) is desirable (Helwig et al., 2011b). Parafac2 is another way to deal with such
temporally incomparable waveforms without adjusting the data waveforms for an optimal match. Another
incomparability problem may arise from distinctive biomechanics of different species/breeds (e.g., Labrador
retrievers vs. Greyhounds; Colborne et al., 2005) that have distinctive gait patterns of some waveforms of
interest because of their different body shapes. However, these different gait patterns may be governed by
essentially the same biomechanical functions. Then, such common locomotive mechanisms can be effectively
explained by Parafac2.
Although our results are informative and comprehensive, the Parafac2 solution is deterministic in nature;
therefore inferential reasoning is unavailable. However, when statistical inference is necessary for a critical
question, the bootstrap method may be used with a sufficient sample size (see Helwig et al., in press).
Finally, we mention the use of discriminant function analysis (DFA) using Parafac2 results (see the
discussion in Helwig et al., 2011a). Including kinetic data in addition to kinematic data provides unique
information on clinically-impaired subjects. Results with similar data will allow for a DFA that will be
different than one using only angular data. For instance, a DFA using joint moment and power as well
as the angular data may be able to discriminate the CCL deficiency that is evident only in kinetics or
kinematics as shown in Figure 3. This type of more subtle discrimination may provide critical knowledge
for a refined treatment decision, for example determining whether treatment is a realistic option, and what
type of treatment is best for a particular kind of lameness. Given a sufficiently large dataset (unlike the one
used in the present study), DFA can be a powerful diagnostic tool when it is applied to the subject weights
produced by Parafac2. Clinical classification can also be enhanced using the classification and regression
tree (CART) method (Breiman et al., 1984) with the Parafac2 components (e.g., Sutherland et al., 1988).
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Figure 1: Average raw data of gait profiles per waveform at each joint by healthy, ipsilateral, and contralateral limbs. Stance Phase spans 0-44%,
Swing Phase spans 45-100% for all subplots. More details appear in Ragetly et al. (2010), particularly with individual variability information.
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Component 1 (35.9%) Component 2 (28.1%) Component 3 (9.6%) Component 4 (3.3%)
(a) Joint
Ipsilateral Hock 1.27 0.01 −0.96 0.54
Contralateral Hock 1.35 0.17 −1.27 −0.46
Ipsilateral Stifle 0.96 −0.92 1.13 0.91
Contralateral Stifle 1.06 −0.81 1.08 −1.01
Ipsilateral Hip 0.49 1.55 0.76 −1.26
Contralateral Hip 0.53 1.43 0.67 1.43
(b) Waveform
Angle 1.28 0.70 0.76 0.26
Velocity 1.37 0.55 0.66 0.22
Moment 0.52 1.51 0.15 1.32
Power 0.48 0.97 1.72 1.47
Table 1: Normalized component weights of (a) joints (Mode D) and (b) waveforms (Mode C). Total VAF: 76.8%
Dogs Component 1 (35.9%) Component 2 (28.1%) Component 3 (9.6%) Component 4 (3.3%)
Healthy 1.07 (0.14) 1.01 (0.20) 1.10 (0.24) 0.07 (0.17)
CCL-Deficient 0.86 (0.20) 0.95 (0.15) 0.78 (0.22) 1.26 (0.90)
Table 2: Means of Mode A weights (and standard deviations) for healthy dogs and CCL-deficient dogs. Total VAF: 76.8%
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